Introduction
One way to promote greater accountability for population health and well-being is to ensure routine collection of data at, or at least linked in a way to allow aggregation to, the political unit at which public policies get designed, implemented, and monitored (Dowell et al., 2016; Krieger, 2001) . Particularly in the context of low-and middle-income countries, where lack of political will is often blamed for poor performances, monitoring the distribution of health and developmental indicators at local political units can be an important step towards ensuring evidence-based political discourse and policy evaluations (Dowell et al., 2016) . In India, there is a fundamental disconnection between the administrative unit (i.e., 640 districts) at which data on key developmental indicators are available and the political the different processes, optimizing the state-of-the-art GIS and statistic techniques, to derive PC estimates when data are available only at the individual or district levels without PC identifiers. After assessing the consistency across different methodologies, we apply the most preferable approach (i.e., direct methodology with modeling for precisionweighting) to present the estimates and the ranking of 543 PCs for additional malnutrition indicators (i.e., underweight, wasting, and anaemia) to provide a broad assessment for inclusive dicussion around child nutrition in India.
Material and methods

Data source
The fourth round of NFHS (2015-16) was used for this analysis. The NFHS, equivalent to the Demographic Health Survey (https:// dhsprogram.com/) in India, collects data on key population, health, and nutrition indicators (IIPS, 2017) . This is an important source of data used to generate evidence to inform the Ministry of Health and Family Welfare and other agencies for policy and programme purposes. The NFHS-4, for the first time, covered all 640 districts across 36 states and union territories in India (IIPS, 2017) . A representative sample of households was selected using a stratified two-stage sample design. First, within each district, primary sampling units (referred to as clusters hereafter) were selected based on a sampling frame of the 2011 Census. For rural areas, clusters corresponded to villages. In urban areas, clusters corresponded to census enumeration blocks. A complete household mapping and listing operation were conducted within each cluster. At the second stage of sampling, households were selected using a systematic sampling with probability proportional to the size. The NFHS-4 had a response rate of 97.6% for household surveys and 96.7% for individual women interviewed within households (IIPS, 2017) .
Study population
A total of 247,743 children aged less than five years were alive at the time of the survey. After excluding 22,741 children (9.2%) who were missing height measures, 225,002 children remained for the stunting analysis. A larger number of children were missing data on birth weight (N = 60,561, 24.4%) . The final analytic sample for the low birth weight analysis included 187,182 children ( Fig. 1 ). In our final analytic sample with reported birth weight, 53.2% were from a written card and the remaining 46.8% were based on mother's recall.
Outcomes
Stunting and low birth weight are two indicators of child malnutrition being monitored for the NNM. One of the NNM targets is to reduce child stunting, a measure of linear growth retardation resulting from chronic undernourishment, by at least 2% per annum and ultimately to as low as 25% by 2022 (NITI Aayog, 2017) . In the NFHS, child's standing height was obtained for children older than 24 months. For children less than 24 months, recumbent length was measured with children lying on the board placed on a flat surface (IIPS, 2017) . The raw height measures were transformed into age-and sex-specific zscores based on the World Health Organization (WHO) child growth reference standards, and children with height-for-age z-scores < -2 standard deviation (SD) were classified as being stunted (WHO Multicentre Growth Reference Study Group, 2006) . Similarly, the NNM also targets to reduce low birth weight by 2% per annum (NITI Aayog, 2017) . Low birth weight was defined as birth weight less than 2,500 grams regardless of gestational age (NITI Aayog, 2017) . In addition to these two main outcomes, wasting (i.e., weight-for-height z-score < -2 SD), underweight (i.e., weight-for-age z-score < -2 SD) and anaemia (i.e., hemoglobin level < 11.0g/dl) were also considered for application of one of the selected methodologies.
Statistical analysis
As outlined in Fig. 1 , we used a combination of different statistical estimation (raw versus modeling for precision-weighting) and methodologies to link to PC (direct versus indirect) to produce four different estimates per outcome: 1) raw individual data point directly linked to a potential PC ('direct and raw' or D raw ), 2) raw individual data aggregated to district and indirectly linked to a PC via a cross-walk ('indirect and raw' or I raw ), 3) precision-weighted cluster data directly linked to a potential PC ('direct and modeled' or D modeled ), and 4) precision-weighted cluster data aggregated to district and indirectly linked to a PC via a cross-walk ('indirect and modeled' or I modeled ). Of note, we use the term 'raw' to refer to procedures that do not involve modeling for precision-weighting but in some occasions the 'raw' data themselves may have been already aggregated, transformed, or weighted before being made available to the users. D raw and I raw stunting estimates for 540 PCs were reported in a prior study in which district estimates from NFHS-4 district fact sheets were used to perform the cross-walk (Swaminathan et al., 2019) , and D modeled estimates for stunting and low birth weight were drawn from our working paper (Kim, Xu, Joe, & Subramanian, 2018) . We present a comprehensive overview of the four different methodologies and assess the consistency in their estimations.
Modeling for precision-weighted estimates
A hierarchical model, also known as random effects or multilevel models, provides a technically robust and efficient framework to account for complex survey design and to produce precision-weighted estimates for predictions at higher level entities (Bell et al., 2016; Jones & Bullen, 1994; Subramanian et al., 2003) . For instance, in a two-level linear regression model with individual observations at level-1 (i) nested within groups at level-2 (j):
The term u j denotes a group-specific residual with a variance of u 2 and the term e ij denotes an individual-specific residual with a variance of e 2 . In this model, the group-specific average outcome ( ) j is a weighted combination of the fixed group intercept ( * j ) and the overall multilevel intercept ( ):
Where the overall multilevel intercept ( ) is a weighted average of all the fixed group intercept ( * j ):
And the weights represent the reliability or precision of the fixed terms that take into account of the ratio of the between-group variance to the total variance and a sampling variance affected by the number of observations within each district n ( ) j :
Hence, compared to raw estimates, multilevel estimates have the following advantages (Arcaya et al., 2012; Jones & Bullen, 1994) : (1) pooling information between j groups, with all the information in the data being used in the combined estimation of the fixed and random part, (2) borrowing strength, whereby poorly estimated j group-specific predictions benefit from the information for other groups; and (3) precision-weighted estimation, whereby unreliable j group-specific fixed estimates are differentially down-weighted or shrunken towards the overall mean which is based on all the data.
We extend this approach to the four-level structure of the NFHS with child i (level-1) nested within cluster j (level-2), district k (level-3), and state l (level-4) to calculate cluster-specific probabilities of stunting and low birth weight:
In this model, the state mean is shrunk towards the overall mean, which is a precision-weighted average of all the state means; the district mean is shrunk towards its associated shrunken district mean; and the cluster mean is shrunk towards its associated shrunken cluster mean. In essence, the precision-weighted cluster means pool information and borrow strength from other clusters that share the same district membership. For binary outcome models, the variance at the individual level is approximated using a latent variable method as /3 2 (Browne, Subramanian, Jones, & Goldstein, 2005) .
Multilevel modeling was performed in the MLwiN 3.0 software program via Monte Carlo Markov Chain (MCMC) methods using Gibbs sampler with non-informative priors, a burn-in of 500 cycles, and monitoring of 5000 iterations of chains (Browne, 2017) . 
Linking to parliamentary constituency
The direct and indirect methodologies to link data at individual and district levels to PCs were outlined in detail in a recent study (Swaminathan et al., 2019) . Their direct methodology used the GPS data on each NFHS cluster location recorded in degrees of latitude and longitude (accurate to ± 15 meters). The survey cluster coordinates were randomly displaced by a maximum of 2 kilometers for urban clusters and 5 kilometers for rural clusters but was contained within the district (DHS, 2018). Swaminathan et al generated a GIS map of these cluster points and combined it with the 2014 PC boundary shapefiles from the Community Created Maps of India (http://projects.datameet. org/maps/) to determine which PC each cluster potentially falls into. We utilized this data file with a potential PC identifier assigned to each observation. Their indirect methodology used the boundary shapefiles for PCs and districts to create a cross-walk that assigned weighted average of the population of the segments of district that fall in each PC (Swaminathan et al., 2019) . We used this crosswalk to transform and aggregate district-level data to generate estimates of stunting and low birth weight for the PCs. This method can be modified for geographic or land-based indicators by computing the weighted average using the area of district segments instead of population.
We compared the degree of consistency in the PC estimates resulting from these different methods in three ways. First, we computed Pearson correlation and Spearman's rank correlation across the four estimates for each outcome. Second, we further assessed the number and proportion of PCs with less than ± 5, ± 5 to ± 10, and more than ± 10 percentage point difference between each estimate in reference to the D raw estimates. Third, we compared the overlap in the list of 100 PCs with the highest estimates of stunting and low birth weight using the four methodologies.
Finally, the D modeled methodology was selected, for the reasons described later, to be applied to additional indicators of child malnutrition. We provide the D modeled estimates and the ranking of 543 PCs for stunting, low birth weight, wasting, underweight, and anaemia.
Results
The exact estimates of stunting and low birth weight from the four different methodologies are provided in Supplementary Tables 1 and 2 . For interpretation and identification of the geographical location of PCs, we included index map for 36 Indian States/Union Territories ( Supplementary Fig. 1 ), a map showing the discordance between district and PC boundaries ( Supplementary Fig. 2 ), and index map for PCs ( Supplementary Fig. 3 ). Overall, we found a substantial variation in these two indicators of child malnutrition across 543 PCs. The four different methodologies yielded highly consistent estimates.
Stunting
The mean and the range in predicted probability of stunting across 543 PCs was 35.8% (10.0% to 65.4%) using D raw approach, 35.8% (15.0% to 62.1%) using I raw approach, 35.2% (15.0% to 63.6%) using D modeled approach, and 35.0% (15.9% to 60.8%) using I modeled approach. The largest difference in the mean and median stunting estimates was between D raw and I modeled , with a difference of 0.8 and 1.6 percentage points, respectively. The correlation in PC-level stunting was very strong among all estimates, ranging from r = 0.99 for I raw and I modeled to r = 0.92 for D raw and I modeled methods ( Fig. 2A) . The same was true for spearman rank correlation (Supplementary Table 3) . Moreover, 77 PCs were found to consistently rank in the top 100 highest stunting prevalence using all four methods (Supplementary Table 1 ).
More specifically, in comparing D raw and I raw estimates of stunting, we found that the majority of PCs (N = 461, 85%) had less than 5 percentage point difference while 67 PCs (12%) had a difference of 5-10 percentage point and only 15 PCs (3%) had a difference larger than 10 percentage point (Fig. 3A) 
Low birth weight
Across 543 PCs, the mean predicted probability of low birth weight was estimated as D raw = 17.7% (range: 3.6% to 41.5%), I raw = 17.7% (range: 6.6% to 35.3%), D modeled = 16.6% (range: 4.1% to 35.5%), and I modeled = 16.4% (range: 6.3% to 31.0%) using different methodologies. The largest difference in mean low birth weight was 1.3 percentage points between D raw and I modeled and in median low birth weight was 1.4 percentage points between D raw vs I modeled . The correlation in PC-level low birth weight was the strongest between I raw and I modeled estimates (r = 0.98) followed by D modeled and I modeled estimates (r = 0.94), and the weakest between D raw and I modeled (r = 0.81) ( Fig. 2A) . The spearman rank correlation also ranged from r = 0.80 to 0.98 (Supplementary Table 3 ). In comparing the ranking of PCs with the highest prevalence of low birth weight, we found that 71 PCs were consistently identified to be ranked within 100 PCs with the highest estimates according to all four methodologies (Supplementary Table 2 ).
Compared to the simplest approach (D raw ), I raw yielded very similar estimates of low birth weight (i.e., less than 5 percentage point difference for the majority of PCs (N = 489, 90.1%)) ( For the purpose of substantive and empirical discussion around patterning of malnutrition, in terms of other commonly used indicators, we present the D modeled estimates and the rankings of 543 PCs for wasting, underweight, and anaemia in addition to stunting and low birth weight (Table 1 ). The corresponding maps illustrating geographic distribution of each indicator are presented in Supplementary Fig. 4 .
Discussion
Using two examples of child malnutrition indicators that are highly relevant for the current policy discussion around NNM in India, we demonstrated four possible methodologies to derive PC level estimates. Based on our findings of substantial variation in stunting and low birth weight across 543 PCs in India and high consistency in the PC estimates using different methodologies, we make the following R. Kim, et al. SSM -Population Health 7 (2019) 100375 recommendations. First, for surveys with complex sampling design like NFHS, precision-weighted estimations are recommended to account for sampling variability and to produce smoothed estimates. In general, the largest differences in stunting and low birth weight estimates across different methodologies were found in a few PCs in the states of Andhra Pradesh, Maharashtra, and West Bengal. These PCs had a relatively small sample size ( < 100 observations), which resulted in multilevel modeling to down-weight their estimates more towards the overall mean. Second, when GPS coordinates for survey clusters are available to be linked to PC boundaries, even if they are displaced to certain degree, direct methodology is preferable given that creating the indirect cross-walk between districts and PCs is less straightforward. However, in the absence of geographic location of survey clusters and/or when the data available are aggregated at the district level, indirect methodology produces highly consistent PC estimates. Third, an ideal solution to overcome this gap in data for PCs would be to make PC identifiers available in routinely collected surveys and the Census.
Lok Sabha, the Lower House of the Indian Parliament, is referred as "the repository of power and authority" with the MPs playing critical roles in ordering the affairs of the state and in shaping the allocation of public goods and larger social structures and processes (Maheshwari, 1976) . MPs work with public authorities to achieve demands from their constituents and also mobilize themselves for the purpose of promoting interests of his state at the level of the central government (Kapur & Mehta, 2006; Maheshwari, 1976) . In the absence of standard inventory for compiling community problems, the panchayati raj leadership or influential persons of an area often articulate the development needs of the locality (Maheshwari, 1976) . Indeed, evidence supports that among PCs with the historically disadvantaged social groups, those that mobilized themselves politically gained more relative to others during 1970s and 1980s in rural India (Banerjee & Somanathan, 2007) . Despite Parliament being an agent of accountability, minimum effort has been made to date to link existing data to PCs (Banerjee & Somanathan, 2007) . Table 3 ).
The methodologies proposed to link NFHS data with PC boundary are not without limitations (Swaminathan et al., 2019) . Directly linking survey cluster to a potential PC may have measurement errors due to random displacement of GPS coordinates in the NFHS. The accuracy of indirect methodology depends on the validity of cross-walk. The crosswalk methodology assumes that sampled observations are uniformly distributed across districts, when in reality certain areas of a district may have a higher sampling cluster density than others. This could lead to biased PC estimates when one district is split between multiple PCs. Additionally, small boundary discrepancies between the district and PC shapefiles, for example along state borders, can lead to low levels of noise when calculating PC estimates. While our estimates of stunting and low birth weight based on both direct linkage and indirect crosswalk were highly consistent, further field work and data collection at the PC level are necessary to accurately validate our estimates.
Our empirical exemplification focused on stunting and low birth weight in order to illustrate the range of consistency in D raw , I raw , D modeled , and I modeled methodologies for indicators with different sample sizes and potential measurement errors. While children's height in the NFHS was comprehensively and objectively measured by field investigators, birth weight was self-reported by mothers based on written card (53.2%) or from recall (46.8%) and was missing for a larger fraction of the surveyed children. The geographical distribution of children who were excluded due to missing measures of height and birth weight was of particular concern. However, when 22,741 children who were excluded from the analysis for stunting were each linked to a potential PC using the direct method, we found no evidence of clustering. Less than 1% of the excluded children for stunting estimation were nested within each of the 538 PC, with the largest proportion of excluded children being in Nagaland (2.6%) and Arunachal East (3.3%). Similarly, among 60,561 children who were excluded from the analysis for low birth weight, 4.5% were located in Nagaland and 2.5% in Outer Manipur and the remaining were randomly distributed across the remaining PCs ( < 1% for 536 PCs). We found no evidence of systematic bias affecting the estimation of stunting and low birth weight for the few PCs with a larger proportion of children with missing data. While the correlation in PC estimates for low birth weight in general was lower than the correlation for stunting, they were still very strong Fig. 3 . Difference in estimates (in percentage point) between 'direct and raw' (D raw ) method versus other approaches for A) stunting and B) low birth weight across 543 Parliamentary Constituencies. The exact estimates using the four different methodologies and the differences between them are presented in Supplementary  Table 1 for stunting and Supplementary Table 2 for low birth weight.
R. Kim, et al. SSM -Population Health 7 (2019) 100375 Kim, et al. SSM -Population Health 7 (2019) 100375 (continued on next page) R. Kim, et al. SSM -Population Health 7 (2019) 100375 Kim, et al. SSM -Population Health 7 (2019) 100375 Kim, et al. SSM -Population Health 7 (2019) 100375 (continued on next page) R. Kim, et al. SSM -Population Health 7 (2019) 100375 (continued on next page) R. Kim, et al. SSM -Population Health 7 (2019) (r > 0.80) indicating that these methodologies work consistently even for self-reported indicators and with smaller sample sizes. For analyses involving complex survey-based sample for which it is possible to identify a potential PC membership, D modeled estimates are preferred for their simplicity and robustness. While we presented application of the D modeled methodology for child malnutrition indicators, we encourage further replication with other indicators of population health and development. For the different child malnutrition indicators, we detected clustering in contiguous PCs with high burden of child malnutrition that transcended state boundaries. Further interpretation of this spatial patterning is beyond the scope of this paper; nevertheless, this initial observation suggests the potential importance of spatial analysis at the PC-level to foster collaboration between Parliamentarians to find effective strategies to improve child health and well-being. When it is not possible to link the data to potential PC, but district membership is available, then developing a cross-walk is a viable option either after modeling for sampling variability for individual unit data or using the raw aggregated data if available only at the district level.
Conclusion
The academic and policy discourse around child malnutrition in India continue to emphasize district-level data and intervention with a good intention to strengthen localized action to support the NNM targets. However, there are no political representatives, equivalent to MPs in the case for PCs, directly accountable for the performance at district level. At the same time, there is no systematic evidence on key developmental measures at the PC level to guide Parliamentarians. This disconnection between the unit at which policy discussion occurs and where political actions take place results in a missed opportunity for more efficient, data-driven programming and robust policy evaluations to advance the rate of progress in diverse health and developmental sectors in India. In the absence of identifiers for PCs in the current surveys and Census data, one immediate step towards improving the accountability and coordination for MPs is to use the different methodologies outlined in this paper to produce PC-level estimates. Similar approaches can be developed for other countries where the administrative divisions and political boundaries do not share a direct correspondence.
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